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Abstract
This paper analyzes the impact of supply-side abortion restrictions on aggregate abortion and birth rates
in the United States. Specifically, I exploit state and time variation in the implementation of the first
targeted regulation of abortion provider (TRAP) law in a state to identify the effects of the laws. I
find that TRAP laws are associated with a reduction in the abortion rate of approximately 5% the year
the first law is implemented, and an average reduction of 11-14% in subsequent years. There is also
evidence that TRAP laws increased birth rates by 2-3%, which accounts for approximately 80-100% of
the observed decline in abortion rates.
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Introduction

On June 29, 2020, the U.S. Supreme Court struck down a Louisiana law requiring abortion providers to have
admitting privileges at a nearby hospital. The ruling came just four years after Whole Woman’s Health v.
Hellerstedt; in that ruling, the Court struck down two similar requirements in Texas’ House Bill 2 (HB2).
These measures imposed strict regulations targeting abortion providers that led to over half the abortionproviding facilities closing in Texas. The regulations highlighted in these court cases are examples of the more
restrictive forms of laws commonly known as “Targeted Regulation of Abortion Providers” or TRAP laws.
According to the Alan Guttmacher Institute, as of July 1, 2020, 23 states had laws or policies categorized as
TRAP laws. Despite the prevalence of these laws, few papers have studied the impact of these regulations
on women’s fertility outcomes. This lack of research is especially notable since the Whole Woman’s Health v.
Hellerstedt ruling stressed the importance of evidence-based research to weigh the benefits of a law against
the burden it imposes.
Given the Court’s stated emphasis on research, along with a large number of restrictions on abortion
providers that remain today, it is crucial to empirically investigate the impact of these laws on abortion access
and health outcomes in a variety of settings. I collect data on the first date a TRAP law was implemented
in a state and exploit the state-time variation in implementation dates. This study uses data from the past
two decades to examine the effect of the initial implementation of TRAP laws on state-level abortion and
birth rates.
Previous work has studied the impact of Texas’ HB2 on abortion access in Texas (Grossman et al., 2017;
Lindo et al., 2019; Fischer et al., 2018). These studies examine the effects of increasing the distance to
the nearest abortion provider on the abortion rate by using HB2 as a natural experiment for the closure of
Texas’ abortion clinics. Overall, they find evidence that HB2 shuttered abortion clinics, increasing driving
distances to the nearest abortion provider, which led to fewer abortions. A study on TRAP laws passed in
Wisconsin finds effects on abortions and births similar to those found in the Texas context (Venator and
Fletcher, 2020). While these studies provide convincing evidence that distance to an abortion provider is an
essential determinant of obtaining an abortion in Texas and Wisconsin, at least in the short run, there is a
lack of research that analyzes the impact of supply-side abortion policies in a context outside of Texas, and
whether these effects persist over time (Medoff, 2010).
The contribution of this paper is two-fold. First, I analyze whether the first TRAP law passed in a state
has a measurable impact on aggregate in-state abortion and birth rates across the nation. Second, I identify
whether the effects persist in the long run and if there are nonlinear impacts of these laws over time. I
exploit the state and time variation in the implementation of TRAP laws to analyze the potential dynamic
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effects of the laws on abortion and birth rates over time.
I find an initial 5% reduction in the abortion rate the year a state first passes a TRAP law, and the effect
grows over the next several years. The primary difference-in-differences estimate reveals that TRAP laws
are associated with an approximate 14% decrease in the abortion rate, roughly 1.9 fewer abortions per 1,000
women of childbearing age.
While the reduction in abortion rate results is substantial, it should be interpreted with some caution
because the abortion rate is measured in the state of occurrence. Thus, even though abortion rates in a
state are declining, women may travel to neighboring states to obtain an abortion, which would lead to an
overestimate of the total decline in abortion rates. An analysis using birth rates as the primary outcome
variable may alleviate some of this potential bias because women are likely not systematically traveling
from non-TRAP states to TRAP states to give birth. Consequently, by analyzing the impact of TRAP
laws on birth rates, I can measure whether the observed decline in in-state abortions results in more births.
Findings from this analysis reveal that post-implementation, birth rates rise by 2-3%. To put this finding in
context, this is roughly 1.2-2 more births per 1,000 women of childbearing age. This estimate implies that
approximately 80-100% of the observed decline in in-state abortions may result in pregnancies being carried
to term.
Overall, the findings suggest that TRAP laws meaningfully reduce in-state abortion rates and that this
effect is sustained for up to a decade after a state implements the law. Furthermore, there is evidence that
birth rates increase, which accounts for much of the observed decline in abortion rates in a state. However,
there are several important nuances to keep in mind when interpreting the findings from this study. First, in
some specifications, the estimated increase in births does not 100% offset the observed decline in abortions;
this could be due to increased inter-state travel or increased risk avoidance behavior by women.
Secondly, there are different types of TRAP laws (see Section 2.1 for more discussion), and even within
one specific category, there may be wide variation between states in the written text of these laws. Thus,
it is important to emphasize that the effects identified here are average effects; studying a specific TRAP
statute in one state may lead to effect sizes that are significantly larger than those found in this paper, while
other laws may have effects that are substantially smaller (or even negligible) than those identified in this
paper.
Lastly, one should be careful when interpreting the long-run results because several mechanisms are
difficult to disentangle, all of which may contribute to the observed increasing magnitude of the point
estimates over time. One possibility is that these laws become more impactful over time, potentially due to
delayed implementation of the TRAP law. Another possibility is that a state passes additional TRAP laws
after passing its first TRAP law. States tend to “stack” TRAP laws, enacting more and more over time;
3

thus, the increasing effects observed could be due to greater burden placed on providers. Finally, states may
pass other policies that impact abortion (birth) rates in the same direction as the TRAP law after they
implement their initial TRAP law. While I control for some state policies that may impact both abortions
and births, there may be other laws enacted after the initial TRAP law that may impact abortions and
births in the same direction as my findings.1
The remainder of the paper is structured as follows: Section 2 describes TRAP laws and previous
literature, Section 3 describes the data, Section 4 explains the empirical strategy, Section 5 documents the
results and discusses potential mechanisms, and Section 6 concludes.

2

TRAP Laws and Background

2.1

TRAP Laws

States can regulate abortion providers by imposing burdensome legal requirements on the facilities or
physicians that perform abortions; these laws are broadly referred to as “Targeted Regulation of Abortion Providers” or TRAP laws. TRAP laws vary in their specific regulations, but there are three broad ways
to classify TRAP law requirements: abortion facility, ambulatory surgical center, and admitting privileges
requirements.
The first two classifications, abortion facility and ambulatory surgical requirements, target the abortion
facility’s physical structure. Abortion facility requirements impose standards that facilities must meet to
perform an abortion. These requirements may regulate various facility conditions such as the size of the
procedure and recovery room, hallway and doorway width, emergency power systems in place, or ventilation
requirements. The ambulatory surgical center regulation requires abortion facilities to meet the same standards of ambulatory surgical centers. The necessary renovations to meet these requirements can be costly,
and if a facility is unable to afford the upgrades, then the abortion provider may shut down (Grossman et al.,
2017) or increase the price of abortions (Medoff, 2008).
The third type of requirement, the admitting privilege requirement, can be a stand-alone law or can be
paired with either the general abortion facility requirements or ambulatory surgical center requirement. The
admitting privilege law requires that either the facility or physician have admitting privileges, or another
transfer agreement, at a local hospital. In some instances, the law specifies an exact distance to the local
hospital. For example, in Texas’ HB2 bill, the abortion provider was required to have admitting privileges
at a hospital within 30 miles of the abortion facility. This situation is not limited to Texas; before the
1 Concerning demand-side abortion restrictions, I control for parental notification laws, Medicaid abortion restrictions, and
mandatory waiting periods. I also control for Medicaid family planning expansions during this time frame. However, there may
be other laws passed during this time for which I am unable to control.
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Whole Woman’s Health v. Hellerstedt, Wisconsin and Mississippi also had similar requirements, though
court challenges enjoined the laws, and after the Whole Woman’s Health v. Hellerstedt decision, the appeals
were dropped. In South Carolina, the law states that any facility that performs abortions shall have one
physician with admitting privileges at a local hospital (S.C. 61-12.205(C)(2)). Another statute requires all
physicians at clinics performing abortions after 14 gestational weeks to have hospital admitting privileges
(S.C. 61-12.305(B)). Neither subsection specifies a distance to the hospital where the physician has admitting
privileges. Laws similar to South Carolina’s remain in effect, and states continue to enact comparable
requirements; for example, Indiana passed a similar bill in 2016.

2.2

Expected Impact of TRAP Laws

If TRAP laws are effective at increasing the cost of providing abortions, facilities may pass this cost along
to patients (Medoff, 2008), or they may shut down if they are unable to meet the requirements (Grossman
et al., 2017). However, the expected impact of this cost increase on abortion and birth rates is unclear.
Below I detail five different scenarios for how the laws may (or may not) impact abortion and birth rates.
While I discuss each scenario as mutually exclusive, there is always the possibility that different women may
fall into each of the proposed scenarios. However, I do not observe individual-level decisions that women are
making, so, ultimately, the aggregate effect that I measure is determined by the proportion of women that
fall into each category.
1. Women who previously would have terminated a pregnancy now cannot and instead carry to term. This
scenario would appear in the data as a decline in abortions and an increase in births.
2. In response to the higher cost of obtaining an abortion, there is a reduction in risky behavior, either
through increased use of effective contraception or abstinence. Empirically, this situation would appear
as a reduction in abortions but would have no impact on births.
3. Women may travel to another state to obtain an abortion. This would appear in the data as a decline
in abortions in the TRAP state, an increase in abortions in the neighboring state, and no change in
births in the TRAP state.
4. Women may be able to travel to another abortion provider within the state. As long as the remaining
clinics can accommodate the increase in demand, this would not impact abortions or births at the
state-level.
5. Women who are unable to travel may self-induce abortions. This would result in a decline in the
reported (legally-induced) abortions and no change in births.
5

2.3

Related Literature

There is a substantial literature exploiting state-level variation in the implementation of demand-side policies
intended to influence access to contraception and abortion on women’s reproductive and labor outcomes
(Goldin and Katz, 2002; Bailey, 2006; Kearney and Levine, 2015). One particular issue with studying the
effect of these policies is the difficulty in obtaining information on when a specific law, such as access to birth
control (or a TRAP law), becomes effective in a state or locality. This difficulty can lead to discrepancies in
the legal coding of a particular law. As Myers (2017) shows, the legal coding led to overestimating the impact
of access to birth control on marriage and childbearing and underestimating the impact of abortion policies
on marriage and the onset of motherhood. In her recent work, Myers (2022) does an extensive deep-dive
into the historical policy environment and provides suggested legal coding to resolve the discrepancies for
many of the most studied fertility policies such as the legalization of abortion, confidential access to birth
control for unmarried women, confidential access to legal abortion, and parental involvement laws.
A handful of recent studies have explored the impact of supply-side abortion restrictions on abortion
access (Joyce, 2011; Grossman et al., 2017; Lindo et al., 2019; Lu and Slusky, 2019; Fischer et al., 2018;
Venator and Fletcher, 2020; Kelly, 2020). Joyce (2011) compares the effect of a Texas policy that had
provisions impacting both the demand and supply side. The demand side abortion policy stated that
patients must receive specific information 24 hours before obtaining an abortion. The supply-side abortion
policy required abortions performed after 16 gestational weeks to be in an ambulatory surgical center. If the
demand-side policy reduced abortions, then there should be an observed reduction for all gestational weeks,
while the supply-side regulation should only impact abortions after 16 gestational weeks. Joyce (2011) finds
that the demand-side policies do not appear to influence the abortion rate, while the supply-side policy
meaningfully reduces the number of abortions performed after 16 weeks of gestation.
Grossman et al. (2017) focus on the impact of Texas’ HB2 bill on the number of abortion providers and
abortion rates in Texas counties. Grossman et al. (2017) show that between 2012 and 2014, as the nearest
abortion provider’s distance increases, the number of abortions in a county decreased. Lindo et al. (2019)
also study the impact of Texas’ HB2 bill on abortions in Texas. They find that there are nonlinear effects
regarding distance to the nearest abortion facility and abortion rate. Specifically, increasing distance to the
nearest abortion provider from 0-50 miles to 50-100 miles leads to an approximate 16% reduction in the
abortion rate; the effects are largest when the initial distance is 0-50 miles, and decrease as initial distance
increases. Novelly, The authors also show that increased travel distance is not the only channel that could
result in falling abortions, but also increased congestion at clinics due to fewer clinics serving the population
contributes significantly (approximately 59%) to the observed decline in abortion rates.
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Fischer et al. (2018) also examine the impact of the HB2 bill and two other legislative changes in Texas;
one change restricts Medicaid reimbursements for abortion, the other change cuts funding to family planning
services. Fischer et al. (2018) use these laws to study how these policies impact abortion rates, birth rates,
and contraceptive purchases. They find that when there is no access to an abortion provider within 50 miles,
abortions fall by 16.7%, and births rise by 1.3%. They observed minimal effects of these policies on the
purchases of male contraceptives.
Like the previous studies mentioned, Venator and Fletcher (2020) also study the effect of TRAP laws in
one state; however, their focus is on Wisconsin rather than Texas. Specifically, Venator and Fletcher (2020)
study the impact of three TRAP laws passed in WI between 2010 and 2017, which ultimately resulted in the
closure of two out of five abortion clinics in the state. The authors find that increasing the distance to the
nearest clinic by 100-miles results in approximately 30.7 percent fewer abortions and 3.2 percent more births.
Unlike Lindo et al. (2019), Venator and Fletcher (2020) find that these effects are solely due to increased
distance and not increased congestion.
Kelly (2020) is similar to above in that she studies the impact of a TRAP law in one state. Specifically,
she examines the effect of a 2011 Pennsylvania law that passed new abortion facility licensing requirements
regulations which ultimately led to the closure of 9 out of 22 abortion providers. She finds a decrease in
the abortion rate of approximately 14% and a potential increase in the birth rate of 3.4%. Unique to Kelly
(2020) is the channel that is likely causing the observed effect. Whereas in Venator and Fletcher (2020),
nearly all of the impact on abortions and births is due to increased travel distance, the findings from Kelly
(2020) are entirely attributable to increased congestion. She can attribute this finding largely to increased
congestion because the clinic closures primarily occurred in urban areas; so, while there are fewer clinics to
serve the same population size, the average distance to the nearest clinic remained unchanged.
Lu and Slusky (2019) study the effect of reducing access to family planning clinics (which includes but
is not limited to abortion providers) on Texas’s fertility rates. Specifically, they examine how increasing the
distance to the nearest family planning clinics impacts these outcomes. They find that increased driving
distance to a family planning clinic increased fertility rates by approximately one to two percent.
Finally, there is a small but growing literature examining the impact of fertility policy on second generation fertility behavior. Gutierrez (2022) uses the 1966 Romanian abortion ban to study the effect on the
next generation’s demand for children and finds that individuals whose mothers were impacted by the ban
had significantly lower demand for children. This finding highlights that today’s fertility policy can impact
population and demographics for generations.
Overall, the previous literature on supply-side abortion restrictions has generally focused on the immediate effects of responses to a state policy change. Together, these papers provide compelling evidence that
7

bills in a specific state meaningfully impact abortion and birth rates in that state, and potentially the next
generations demand for children as well. What remains unanswered is the persistence of these supply-side
policies and whether the findings from specific examples may hold in other contexts.

3

Data

3.1

Abortion and Birth Data

There are two prominent sources for abortion data in the United States, the Centers for Disease Control
(CDC) and the Alan Guttmacher Institute (AGI). Both datasets report the number of abortions and the
abortion rate by state of occurrence. The CDC abortion data is generally viewed as a lower bound estimate
because a state’s central health agency or another source (such as hospitals) voluntarily submit information
to the CDC, while the AGI dataset is a survey of all abortion providers in a state. The CDC publishes their
statistics in their annual “Abortion Surveillance Report,” from which I collect the abortion rates from these
reports for 1995-2015.
States vary in how they collect and report abortion data to the CDC. For example, when a state reports
to the CDC, they indicate the number of abortions in their state, referred to as “state of occurrence.” Some
states will additionally breakdown this data by a woman’s state of residence. However, not all states report
data by state of residence. Furthermore, those that report by a woman’s state of residence do not necessarily
publish this information every year. Since there are inconsistencies in the collection and reporting regarding
a woman’s state of residence, my analysis focuses on abortions by state of occurrence.
Due to the abortion surveillance system’s voluntary nature, some states do not report abortion statistics
to the CDC. For example, the CDC does not have abortion data for California after 1996 or New Hampshire
after 1997. Other states fail to report this information for select years. For example, Louisiana does not
report abortion data for the years 2005 and 2006. Specifically, between 1995 and 2015, the following states
are missing at least one year of abortion data, with the number of years missing in parenthesis: Alaska (5
years), California (19 years), Delaware (1 year), Louisiana (2 years), Maryland (9 years), New Hampshire
(18 years), Oklahoma (2 years), West Virginia (2 years), and Wyoming (8 years). For all analyses involving
the CDC data, I present the results that include all 50 states and D.C. The appendix presents the results
obtained when I exclude states with any missing data.
The other prominent source of abortion estimates by state of occurrence comes from the AGI. Similar to
the CDC dataset, I use the abortion rate by “state of occurrence.” An advantage to the AGI dataset is that
the AGI collects information on the number of abortions performed in a state by conducting a direct survey
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of abortion providers for each state beginning in 1973.2 I use data from the AGI for the years 1980 through
2014. One difference between the AGI and CDC dataset is that the AGI abortion count is typically higheralthough the correlation between the two datasets is over 97%. The downside of the AGI dataset is that the
institute does not conduct the survey every year. Between 1980 and 2014, the AGI did not collect abortion
data for the following years: 1990, 1993, 1994, 1997, 1998, 2001, 2002, 2003, 2006, 2009, and 2012.
Using the data on the number of abortions in a state-year, I calculate the abortion rate, the number of
abortions per 1,000 women age 15 through 44 (henceforth referred to as the “childbearing age”). Data on
the number of women of childbearing age in a state-year is from the Surveillance, Epidemiology, and End
Results (SEER) Program.
The data for the analysis of birth rates is from the CDC’s Wonder database, which reports state-level birth
counts beginning in 1995. The birth rate is calculated by dividing the number of births in a state-year by
the female population of childbearing age a state-year.3 Again, state-level population data for childbearing
age women is from the SEER Program.

3.2

TRAP laws

The main source of identification of TRAP laws is from two datasets, the abortion facility licensing and
ambulatory surgical center requirement, maintained by LawAtlas. The LawAtlas datasets were created by a
team from the Policy Surveillance Program along with the researchers who conceptualized and designed the
study, Jones et al. (2018).4 Of particular interest for this study are the laws that require abortion facilities
to enter into a transfer agreement with a local hospital and laws that require facilities to meet physical or
structural standards to operate. LawAtlas has a series of questions, such as, “What type of relationship, if
any, is the facility required to have related to patient hospital transfers?” and lists the corresponding state
statute. For example, the law in Kentucky requires facilities to have a transfer agreement with a hospital.
The corresponding state statute is Ky. Rev. Stat. §216B.0435. I then used WestLaw to identify the statute
and its effective date.5 Figure 1 shows the year each state first implemented a TRAP law as described above.
The dates for this analysis range from 1983 through 2015.
2 In

1973, the AGI did not collect data for Louisiana or North Dakota.
multiply this ratio by 1,000 to obtain the number of births per 1,000 women of childbearing age.
4 The online appendix of Jones et al. (2018) contains detailed information about each TRAP law.
5 Continuing the Kentucky example, I identified Ky. Rev. Stat. Ann. §216B.0435 (West) to be effective as of July 15th,
1998
3I
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Table 1: Dates of Enforcement of TRAP Laws by
State
State

Year

State

Year

Alaska
Alabama
Arkansas
Arizona
Oklahoma
Rhode Island*
Indiana*
Kansas
Kentucky
Louisiana
Michigan
Missouri
Mississippi†

1997
2013
2012
2000
1998
2002
2006
2011
1998
2015
1978
2007
1991

North Carolina
North Dakota
Nebraska
Connecticut
Florida*
Pennsylvania
South Carolina*
South Dakota
Tennessee
Texas‡
Utah
Virginia**
Wisconsin

2013
2013
2000
1996
2005
1983
1996
2006
2012
2003
1990
2009
2013

TRAP laws are from LawAtlas and Jones et al. (2018).
*These states adopted additional TRAP laws that specifically targeted post-first trimester abortions.
†Mississippi adopted a TRAP law applying specifically to
post-first trimester abortions in 1996.
‡Texas’ law applied only to post-first trimester abortions until 2009, when Texas adopted a law applying to all stages.
**Virginia’s law applied only to post-first trimester abortions until 2012, when Virginia adopted a law applying to
all stages.

3.3

Demographic Data

All models will control for state-level time-varying economic and demographic characteristics. Data on
demographic conditions for the years 1980 through 2015 are from the Integrated Public Use Microdata Series
Annual Social and Economic Supplement (ASEC) of the Current Population Survey (CPS). Demographic
characteristics are averages for the female population of childbearing age. Specifically, all regressions control
for the average age the female, childbearing age population and for the proportion of the childbearing age
population that is: black, white, Hispanic, married, living at or below the federal poverty line (FPL), and
receiving Medicaid. Data on annual state-level unemployment rates for 1980 through 2015 are from the
Local Area Unemployment Statistics, U.S. Bureau of Labor Statistics (BLS).
Table 2 Column (1) presents the summary statistics for non-TRAP states only, Column (2) shows the
statistics for TRAP states only, and Column (3) displays the statistics for all states. The demographic
variables are mostly comparable between TRAP and non-TRAP states. A few characteristics that might
stand out are the racial composition and marriage rates. In particular, TRAP states appear to have a slightly
larger white (80% versus 78%) and black population (13% versus 11%), and a smaller Hispanic population
(12% versus 13%) and appear to have a slightly larger proportion of married women.
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Table 2: Summary Statistics
Non-TRAP states
(1)

TRAP states
(2)

Total
(3)

Abortion rate (CDC)

14.03
(6.94)

11.52
(5.47)

12.72
(6.34)

Abortion ratio (CDC)

222.91
(114.70)

177.86
(94.06)

199.47
(106.81)

Birth rate

63.66
(6.54)

66.67
(7.82)

65.23
(7.38)

Average age

30.00
(0.52)

29.88
(0.57)

29.94
(0.55)

Proportion white

0.78
(0.18)

0.80
(0.10)

0.79
(0.14)

Proportion Black

0.11
(0.13)

0.13
(0.11)

0.12
(0.12)

Proportion Hispanic

0.14
(0.12)

0.12
(0.12)

0.13
(0.12)

Proportion married

0.46
(0.06)

0.48
(0.05)

0.47
(0.06)

Proportion at or below FPL

0.15
(0.04)

0.16
(0.04)

0.15
(0.04)

Unemployment rate

5.81
(1.85)

5.79
(2.03)

5.80
(1.94)

Data on the abortion rate in a state-year is from the CDC’s annual Abortion Surveillance
Reports, data on number of births in a state-year is from the CDC’s Wonder database, and
data on the female population is from SEER. Data on demographic characteristics for women
of childbearing age are from IPUMS CPS 1995-2015. FPL is the federal poverty level. The
annual state-level unemployment rate is from the BLS.
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4

Methodology

To study the effects of TRAP laws on abortion rates, I use an analysis that exploits the state and time
variation in the adoption of TRAP laws and allows the impact of the laws to evolve non-linearly over time.
In particular, I estimate the following state-level model using weighted least squares:

ln(Ys,t ) = β0 +

−2
X
y=−10

πy T RAPs 1(t − Ts = y) +

10
X

δy T RAPs 1(t − Ts = y)

y=0

+ %N eigh T RAPs,t β1 + Xs,t β2 + γs + φt + s,t , (1)

where the dependent variable, Y is the natural log of the abortion rate (or birth rate) in state s at time t.
The coefficients of interest in equation 1 are πy and δy . These are the coefficients on the interaction between
T RAPs , a dummy equal to one if the state has ever enacted a TRAP law, and t − Ts , a dummy equal to
one if the observation occurs y years before (or after) the TRAP law is implemented.6 All regressions omit
the year before implementation of the TRAP law. The coefficient πy describes the differences in abortion
rates between TRAP and non-TRAP states relative to the year before the TRAP law, while δy describes
the evolution in the abortion rate after implementation of the TRAP law.
It is important to note here that there are several mechanisms that could contribute to increasing effect
sizes over time that are difficult to disentangle. First, TRAP laws vary widely from state to state, as do the
implementation and enforcement of these laws. Texas’ HB2 bill provided a unique opportunity to study the
impact of clinic closures due to the nature of how quickly the law went into effect. Other states may pass a
TRAP law, but some clinics may be “grandfathered in,” essentially giving clinics a year or two to comply
with the law. Because of this, we might not expect to see impacts on abortion or birth rates immediately
after legislation.
A second mechanism is that once the state passes one bill, it may adopt more restrictive TRAP laws
in the future. Adopting more TRAP laws is common practice and is often mentioned as a strategy to
make it increasingly difficult to provide or access an abortion. For example, according to AGI, in 2019, two
states enacted TRAP laws, Arkansas and Louisiana; in 2018, two states enacted TRAP laws, Indiana and
Louisiana; and in 2017, Missouri, Arkansas, Indiana, and Texas all passed TRAP laws. All of the states
mentioned had previously implemented a TRAP law. These new bills may adjust or add to the existing laws
in place. Thus, we might expect effect sizes to become more prominent over time as states adopt more laws,
thereby increasing the burden placed on providers.
Lastly, if TRAP states tend to adopt other policies that impact abortions (births) in the same direction as
6 Values

Y less than -9 years or greater than 9 are grouped together to ensure that the coefficients are well estimated.
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the TRAP law, this could also cause an increase in effect sizes over time. While I control some demand-side
abortion and family planning policies, states may have passed other policies during this time that I do not
observe.
I summarize the main results in a difference-in-differences analysis where I replace the individual indicators in equation (1) with dummies for three year categories (abbreviated Dy in equation 2 for the period: -8
(8 or more years before a TRAP law is passed), -5 to -7, -2 to -4, Year 0, 1-3, 4-6, 7-9, and 10 or more years
after the passage of TRAP law. The year prior to the TRAP law is omitted from the regression. Specifically,
I estimate the following state-level model using weighted least squares:

Ys,t = β0 + βy

X

T RAPs Dy + %N eigh T RAPs,t β1 + Xs,t β2 + γs + φt + s,t

(2)

y

Finally, I use a difference-in-difference (DiD) analysis, estimated by the following equation:

Ys,t = β0 + Y ear 0t × T RAP sβ1 + P ostt × T RAPs β2 + %N eigh T RAPs,t β3
+ Xs,t β4 + γs + φt + s,t , (3)

Where Y ear 0 is equal to one the year the TRAP law is implemented and P ost is an indicator variable equal
to one for every year post-implementation. These two binary variables are interacted with T RAPs , a binary
equal to one if state s has implemented a TRAP law.
For the analysis described by Equation (1), I present two models. Model 1 controls for state and year
fixed effects as well as time-varying demographic characteristics and other state-level reproductive health
policies. Model 2 adds to Model 1 by including region-by-year fixed effects.
Time-varying demographic characteristics for the female population of childbearing age include the average age and the proportion of this population that is black, white, Hispanic, married, at or below the federal
poverty line (FPL), receiving Medicaid. I also control for the state-level unemployment rate.
Because the unit of observation is the state of occurrence, and women may travel from more restrictive
to less restrictive states to obtain an abortion, it is important to control for the TRAP status of neighboring
states to avoid overstating the impact of the TRAP law on abortion rates (Medoff, 2008). All regressions
will include %N eigh T RAP , a continuous variable between 0-100 that reflects the percentage of neighboring
states that have adopted a TRAP law.
I also control for other reproductive policies that may impact abortion or birth rates. One of those policies
is whether a state has a TRAP law that explicitly targets post-first trimester abortions providers.7 Other
7 Georgia

and New Jersey have TRAP laws that only apply to post-first trimester abortions. Florida, Indiana, Mississippi,
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state-level reproductive health policies controlled for include: a mandatory waiting period for obtaining
an abortion, restricted Medicaid funding for abortions, expanded access to family planning services with a
Medicaid waiver based either on income or for postpartum women (Kearney and Levine, 2015), and parental
notification law for minors (Myers and Ladd, 2020).
For the analyses described by Equation (2)-(3), I present a third model that uses the specification from
Model 2, but excludes states that never-adopted a TRAP law. As described in Borusyak and Jaravel (2017),
the estimates from this specification may be biased toward short-run effects because the long-run effects
may be negatively weighted. Therefore, the results from this specification should be interpreted with some
caution.
Recently, there has been a surge in the literature identifying potential problems with traditional two-way
fixed effects (TWFE) when treatment adoption is staggered (Goodman-Bacon, 2021; De Chaisemartin and
d’Haultfoeuille, 2020; Borusyak et al., 2021). In particular, Goodman-Bacon (2021) shows that under the
“best” conditions, when variance-weighted parallel trends hold and treatment effects do not vary over time,
two way fixed effects estimates a variance-weighted average treatment effect on the treated. When treatment
effects vary over time, the estimator may be biased. In response to this work, many researchers have developed
alternative methods for estimating the average treatment effect on the treated (ATT) (Borusyak et al., 2021;
Callaway and Sant’Anna, 2021; De Chaisemartin and d’Haultfoeuille, 2020; Gardner, 2021).
To address these concerns, I use two newer techniques as alternatives to the traditional TWFE specification, Callaway and Sant’Anna (2021) and Borusyak et al. (2021). In the first estimation method, two
groups can be used as control groups. One control group is the never-treated units, which I refer to as “CS
Never Treated (2020).” The second control group is never treated and not-yet-treated units, which I will
refer to as “CS Not Yet Treated (2020)”. The third estimation I will use is an alternative approach to the
problem, which uses an imputation method, as developed by Borusyak et al. (2021), which I will refer to as
BJS (2021).
Before presenting the results, there are four points regarding estimation and identification to make clear.
First, the identifying assumption for the difference-in-differences analysis is: absent of treatment, the trend
in the abortion rate in treatment states would have evolved similarly to control states. When controlling
for region by year fixed effects, the estimates rely on comparison within each region. Though there is no
formal way to test the parallel trend assumption, the inclusion of leads and lags in the primary analysis
allows for examining pre-treatment trends between treatment and control groups, relative to the year before
implementation.
Rhode Island, South Carolina, Virginia, and Texas have TRAP laws that apply to all abortions as well as separate TRAP laws
that apply to only post-first trimester abortions.
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Secondly, there are several limitations of the study design and data. One potential concern is that
the state-level abortion rates may overestimate the impact of reductions in overall abortions obtained due
to women traveling to neighboring states. While I control for the TRAP status of neighboring states to
capture this effect, the variable is rough because of its aggregate nature. Another potential limitation is the
presence and use of “omnibus” bills. These omnibus bills may package several measures relating to abortion
providers, other reproductive policy, or even entirely unrelated subject matters. While ideally, every unique
requirement would be identified and coded to disentangle the effects; this is well beyond the scope of this
project.
Thirdly, it is important to emphasize that the estimates presented are reduced form estimates and can
be thought of as the policy’s impact on abortion and birth rates. It is important to keep in mind that due
to the variety of TRAP laws (which are broadly discussed in Section 2.1), and the variation even within
one specific category, there may be wide variation in effect sizes by the type of law passed. The exact text
of each bill are not separately identified and coded, therefore the effects identified in this paper are average
effects. Some TRAP laws (or particular aspects of the law) may lead to effect sizes that are significantly
larger than those found in this paper, while others may have effects that are significantly smaller (or even
negligible) than those identified in this paper.
Finally, to improve efficiency, the results from the analysis presented weight by the population of women
aged 15-44 in state s at time t. All standard errors are clustered at the state level to allow for correlation
within a state over time.8

5

Results

5.1
5.1.1

Effect of TRAP laws on Abortions
CDC Data

Figure 1 presents the estimates for πy and δy as described in Equation 1 using the CDC data. Figure 1
plots the point estimates from each of the four models (and corresponding 95% confidence intervals) using
all states.
Model 1, denoted with small “x” markers, includes state and year fixed effects, controls for state-level
reproductive policies, and time-varying economic and demographic characteristics. Model 2, denoted with
hollow, square markers, adds region by year fixed effects to Model 1. For more detailed descriptions of each
8 The main analysis was conducted for both the abortion rate and birth rate specification, excluding population weights.
The findings from these analyses are quantitatively similar to those presented in the primary analysis. A Poisson analysis
using the count of abortions and births was also conducted. In the Poisson specification, regressions are not weighted. Instead,
population is used as the exposure variable. The Poisson results for abortions and births are largely similar to the main findings.
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Figure 1: The Effect of TRAP Laws on Log of Abortion Rate using CDC Data
Notes: Model 1 controls for state and year fixed effects (FE), demographic characteristics, the unemployment rate, and policy controls. See Table 3 for
details on the data sources including demographic and policy variables and the data sources. . Model 2 adds region by year fixed effects to Model 1. All
regressions weight by the female population of childbearing age and cluster standard errors at the state level.

model and control variables, see Section 4.9
Overall, the results presented in Figure 1 shows that the differences in abortion rates between treatment
and control states are generally statistically indistinguishable from zero and small in magnitude, relative
to the year before adopting a TRAP law. After implementing the TRAP law, there is an initial reduction
in the abortion rate. This decline grows within the first few years and stabilizes around year five. The
point estimates from the two models are generally similar to one another and within each other’s confidence
intervals.
Table 3 presents the grouped event study and the difference-in-differences estimates. Column (1) presents
Model 1, Column (2) presents Model 2, and Column (3) Model 3. The pre-TRAP results from all models
in Panel A suggest no statistical differences between the trends in the abortion rate in the treatment and
control states relative to one year before the TRAP law. I test whether the coefficients from the pre-TRAP
variables are jointly significant for each of the models presented and show the two-sided p-value from this
test in the row labeled “T-Test.” The test fails to reject that the pre-treatment coefficients are jointly
significantly different from zero in all specifications.
The post-treatment results from Panel A, Column (1) of Table 3 imply that there is an approximate 5%
9 An alternative robustness check using the estimator proposed in de Chaisemartin et al. (2019) is presented in the appendix.
The point estimates from this exercise are similar to those presented in 1
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Table 3: CDC Data: Effect of TRAP Laws on Log of Abortion Rate
(1)
(2)
Panel A: Grouped Event Study Estimates

(3)

Pre-TRAP
Year -8 or less
Years -5 to -7
Years -4 to -2

Year 0 × TRAP

0.041
(0.046)
0.020
(0.029)
0.027
(0.022)

0.004
(0.053)
-0.002
(0.035)
0.023
(0.025)

0.097
(0.075)
0.024
(0.035)
0.029
(0.022)

-0.051**
(0.019)

-0.047*
(0.025)

-0.052*
(0.028)

-0.107***
(0.031)
-0.142***
(0.049)
-0.166***
(0.052)
-0.163**
(0.066)

-0.082**
(0.039)
-0.127**
(0.056)
-0.144**
(0.063)
-0.125*
(0.065)

-0.116***
(0.041)
-0.173***
(0.060)
-0.225**
(0.082)
-0.246***
(0.086)

0.584

0.453

0.341

Post-TRAP
Years 1 to 3
Years 4 to 6
Years 7 to 9
Year 10+

T-Test

Panel B: Difference-in-Difference Estimator
% Neigh TRAP

0.001*
(0.001)

0.002**
(0.001)

0.001
(0.001)

Year 0 × TRAP

-0.071***
(0.022)

-0.049**
(0.020)

-0.055**
(0.026)

Post × TRAP

-0.147***
(0.032)

-0.113***
(0.040)

-0.142**
(0.052)

N
N

Y
N

Y
Y

Region by Year FE
TRAP States Only

Panel C: Alternative approaches to TWFE
ATT

CS Never Treated (2020)
CS Not Yet Treated (2020)
BJS (2021)

-0.080*
(0.046)

-0.076*
(0.046)

-0.104***
(0.040)

Y
N
N

N
Y
N

N
N
Y

There are 997 observations in columns (1)-(2). All regressions control for state and year fixed effects.
Demographic characteristics for the female- childbearing population include: the average age and the fraction
that is white, black, Hispanic, married, on Medicaid, and at or below the FPL. Policy variables include: the
fraction of neighboring states that have adopted a TRAP law (% Neigh TRAP) and whether the state
has: a mandatory waiting period for abortion, Medicaid funding restrictions for abortion, expanded access
to Medicaid family planning services based on income, and expanded Medicaid family planning service to
postpartum women. “CS Never Treated (2020)” presents the simple ATT from using the doubly robust DiD
methods, and the control group is never treated units. “CS Not Yet Treated (2020)” presents the simple
ATT from the doubly robust DiD methods and uses never and not-yet-treated groups as a control. BJS
(2021) uses the imputation method for finding the simple ATT as proposed in Borusyak et al. (2021). All
regressions are weighted by the female population in each state-year. Standard errors clustered at the state
level are reported in parentheses. * p<0.10; ** p<0.05; *** p<0.01.
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decrease in the abortion rate in the year the TRAP law is adopted. This effect increases (in absolute value
terms) over time and remains large 10-plus years after implementing the TRAP law. The effect diminishes
slightly with the inclusion of region by year fixed effects in Column (2). Excluding non-TRAP states, as
presented in Column (3), yield similar estimates to the first two columns.
Panel B of Table 3 presents the DiD results for each specification and the impact on abortion rates when
a neighboring state adopts a TRAP law, %N eigh T RAP . In general, abortion rates in a state appear to
increase in response to neighboring states adopting a TRAP law, although this variable is roughly estimated.
The coefficient on %N eigh T RAP from Column (1) implies that when 100% of neighboring states adopt a
TRAP law, abortion rates rise by 1.1% or .154 more abortions per 1,000 women of childbearing age.10 The
coefficient on Y ear 0 × T RAP in Panel B of Column (1) implies that the year a state adopts a TRAP law,
abortion rates fall by roughly 7%. Finally, the coefficient on P ost × T RAP in Column (1) implies that in
the subsequent years, there is an approximate 14.7% decrease in the abortion rate.
Results from Panel B, Column (2) of Table 3 show that the estimate on P ost × T RAP diminishes slightly
with the inclusion of region by year fixed effects, to an 11.3% reduction in the abortion rate.11 When Model
3 is specified, the point estimate is between that of Model 1 and Model 2, 14.2%.
Panel C presents the findings from the alternative estimators. Column (1) of Panel C shows the estimates
from the simple ATT Callaway and Sant’Anna (2021) using the never treated units as controls.12 The findings
imply that becoming a TRAP state leads to an approximate 8% reduction in the abortion rate. In Column
(2), the control group is both never and not-yet-treated units, and the finding is similar to that in Column
(1). Finally, Column (3) shows the estimate using the proposed estimator in Borusyak et al. (2021) and finds
that adopting a TRAP law leads to an approximate 10.4% reduction in the abortion rate. These findings
are a bit smaller than is suggested by the TWFE estimators.
Overall, the effect for P ost × T RAP in Column (1) of Table 3 implies that going from a non-TRAP
to TRAP state leads to a 14.7% decrease in the abortion rate. This effect translates to roughly 1.9 fewer
abortions per 1,000 women of childbearing age. Using the more conservative DiD estimates from columns
(2) implies around 1.5 fewer abortions per 1,000 women of childbearing age.13
10 The

average abortion rate before a neighboring state adopts a TRAP law was 14 abortions per 1,000 women of childbearing

age.
11 The results from an alternative specification that excludes states that ever fail to report abortion data to the CDC from
all estimations are largely comparable both qualitatively and quantitatively to those presented in Table 3.
12 It is important to note here that because this method estimates the group-time ATT and then aggregates, I am unable
to include the covariates for all the typical characteristics and state policies. I cannot do this because I have many groups
composed of just one treatment state. I can include these covariates with the BJS (2020) estimation method.
13 The average abortion rate for TRAP states before implementing the TRAP law during this time was 13.1 abortions per
1,000 women of childbearing age
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Figure 2: AGI Data: The Effect of TRAP Laws on Log of Abortion Rate
Notes: Model 1 controls for state and year fixed effects (FE) as well as state-level reproductive health policies (Kearney and Levine, 2015; Myers and Ladd,
2020) and demographic characteristics; see Table 3 for details. Model 2 adds region by year fixed effects to Model 1. The spikes represent the 95%
confidence interval for the respective model. All regressions weight by the female population of childbearing age and cluster standard errors at the state
level.

5.1.2

AGI Data

Figure 2 and Table 4 presents results using the abortion rate estimates from the Alan Guttmacher Institute.
The models and structure of the tables and figures are the same as those previously presented in Section
5.1.1.
Figure 2 presents the results using the AGI dataset. Overall, the estimates are similar to those presented
in Figure 1; however, the first two years post-TRAP law appear to be less impactful than the findings
presented in 5.1.1.
Table 4 presents the grouped event study and difference-in-differences estimator. Once again, the results
are similar to those presented in Table 3. The coefficient on P ost × T RAP in Panel B Column (1) implies a
roughly 11.5% reduction in the abortion rate. The inclusion of region by year fixed effects yields estimates
similar to those presented in Column (1). When I restrict the analysis to only states that have adopted a
TRAP law by 2014, the effect is relatively stable, though slightly larger, at around -12.1%.
As was done in Table 3, Panel C presents the findings from the alternative estimators. The results
across the three estimation methods are quantitatively similar to one another. They suggest that adopting
a TRAP law is associated with an approximate 9.5% decrease in the abortion rate. These estimates are
slightly smaller than the TWFE estimation methods but still within their confidence intervals.
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Table 4: AGI Data: Effect of TRAP Laws on Log of Abortion Rate
(1)
(2)
Panel A: Grouped Event Study Estimates

(3)

Pre-TRAP
Year -8 or less
Years -5 to -7
Years -4 to -2

Year 0 × TRAP

0.022
(0.049)
0.026
(0.031)
-0.010
(0.029)

0.044
(0.042)
0.015
(0.031)
-0.007
(0.027)

-0.025
(0.046)
-0.013
(0.029)
-0.021
(0.023)

-0.018
(0.045)

-0.047
(0.040)

-0.031
(0.032)

-0.063
(0.042)
-0.156***
(0.038)
-0.125***
(0.045)
-0.121*
(0.061)

-0.071*
(0.040)
-0.148***
(0.046)
-0.116**
(0.054)
-0.142**
(0.064)

-0.075
(0.044)
-0.154***
(0.041)
-0.126**
(0.052)
-0.204***
(0.054)

0.652

0.519

0.806

Post-TRAP
Years 1 to 3
Years 4 to 6
Years 7 to 9
Year 10+

T-Test

Panel B: Difference-in-Difference Estimator
Neighbor

0.001
(0.001)

0.001
(0.001)

0.002
(0.001)

Year 0 × TRAP

-0.029
(0.051)

-0.062
(0.050)

0.006
(0.044)

-0.115***
(0.039)

-0.121***
(0.045)

-0.088*
(0.044)

N
N

Y
N

Y
Y

Post × TRAP

Region by Year FE
TRAP States Only

Panel C: Alternative approaches to TWFE
ATT

CS Never Treated (2020)
CS Not Yet Treated (2020)
BJS (2021)

-0.099***
(0.034)

-0.094***
(0.031)

-0.095***
(0.025)

Y
N
N

N
Y
N

N
N
Y

There are 1071 observations in columns (1)-(2) and 525 observations in column (3). All
regressions include state and year fixed effects as well as demographic and policy controls.
See Table 3 for details on demographic and policy variables. “CS Never Treated (2020)”
presents the simple ATT from using the doubly robust DiD methods, and the control group
is never treated units. “CS Not Yet Treated (2020)” presents the simple ATT from the doubly
robust DiD methods and uses never and not-yet-treated groups as a control. BJS (2021) uses
the imputation method for finding the simple ATT as proposed in Borusyak et al. (2021).
All regressions are weighted by the female population in each state-year. Standard errors
clustered at the state level are reported in parentheses. * p¡0.10; ** p¡0.05; *** p¡0.01.
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The average abortion rate in a TRAP state before passing a TRAP law using the AGI dataset during
this period (1980-2014) was approximately 17.3 abortions per 1,000 women of childbearing age. The results
from Panel B Columns (1) and (2) indicate that moving from non-TRAP to TRAP status leads to about
1.9-2.1 fewer abortions per 1,000 women of childbearing age. The CDC data results suggest approximately
1.5-1.9 fewer abortions per 1,000 women of childbearing age, which is slightly lower the estimates presented
here.
The impact of neighboring states adopting a TRAP law is near zero in magnitude and statistically
insignificant. While the coefficients are all positive, they are too small to draw any meaningful interpretations.
A natural next question is: if abortion rates are falling, and this is not entirely explained by traveling to
neighboring states, is there an increase the birth rate?

5.2

Effect of TRAP Laws on Births

One benefit to using the birth rate as the primary outcome variable of interest, is the results may suffer less
from the over-estimation problem that occurs when using in-state abortion rate. That is, in order for these
point estimates to overestimate the effect of TRAP laws on births, women would have to travel to TRAP
states from less restrictive states to give birth. To understand the impact of TRAP laws on the birth rate,
I conduct the analysis described in Equations (1)-(3) and use the same models described in Section 5.1.1
using birth data from the CDC for years 1995-2015.
Figure 3 presents the results for the primary analysis, where the dependent variable is the natural log
of the birth rate. The pre-treatment differences in birth rates are small in magnitude and statistically
insignificant, except for the year before implementing the TRAP law. Models 1 and 2 show a generally
positive impact of TRAP laws on birth rates. The positive effect on birth rates rises for the first two years
post implementation, and levels off around year three.
I now turn to Table 5. Across models, the estimates for all the pre-TRAP variables presented in Panel
A are statistically insignificant, and we also fail to reject that they are jointly significantly different from
zero. For Models 1-2, The effect of TRAP laws the year the law is passed is positive and remains positive
and significant in the years following adoption. However, when non-TRAP states are excluded, as presented
in Column (3), the effect diminishes, though it remains positive.
Turning to Panel B of Table 5 shows a positive effect on birth rates when a neighboring state adopts a
TRAP law, though the magnitude is near zero, thus it is difficult to draw any meaningful conclusions. The
coefficient on P ost × T RAP in Columns (1) of Panel B shows an approximate 3.2% increase in the birth
rate. Before adopting a TRAP law, the average birth rate in a TRAP state was roughly 65.3 births per 1,000
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Table 5: Effect of TRAP Laws on Log of Birth Rate
(1)
(2)
Panel A: Grouped Event Study Estimates

(3)

Pre-TRAP
Year -8 or less
Years -5 to -7
Years -4 to -2

Year 0 × TRAP

-0.023
(0.019)
-0.004
(0.009)
-0.005
(0.006)

-0.006
(0.017)
-0.008
(0.009)
-0.008
(0.005)

0.019
(0.021)
0.007
(0.011)
-0.004
(0.006)

0.007
(0.006)

0.010**
(0.005)

0.010*
(0.005)

0.022***
(0.007)
0.026***
(0.009)
0.035**
(0.014)
0.035
(0.029)

0.011
(0.007)
0.014
(0.009)
0.018*
(0.010)
0.023
(0.023)

0.013
(0.009)
0.007
(0.013)
0.013
(0.016)
0.012
(0.031)

0.166

0.494

0.453

Post-TRAP
Years 1 to 3
Years 4 to 6
Years 7 to 9
Year 10+

T-Test

Panel B: Difference-in-Difference Estimator
% Neigh TRAP

0.000
(0.000)

-0.000
(0.000)

0.000
(0.000)

Year 0 × TRAP

0.015
(0.011)

0.014*
(0.008)

0.006
(0.006)

0.032***
(0.011)

0.019**
(0.007)

0.013
(0.009)

N
N

Y
N

Y
Y

Post × TRAP

Region by Year FE
TRAP States Only

Panel C: Alternative approaches to TWFE
ATT

CS Never Treated (2020)
CS Not Yet Treated (2020)
BJS (2021)

0.025
(0.016)

0.019
(0.014)

0.035***
(0.013)

Y
N
N

N
Y
N

N
N
Y

There are 1071 observations in columns (1)-(2) of Panel A & B. All regressions include state
and year fixed effects as well as demographic and policy controls. See Table 3 for details on
demographic and policy variables. All regressions are weighted by the female population in
each state-year. “CS Never Treated (2020)” presents the simple ATT from using the doubly
robust DiD methods, and the control group is never treated units. “CS Not Yet Treated
(2020)” presents the simple ATT from the doubly robust DiD methods and uses never and
not-yet-treated groups as a control. BJS (2021) uses the imputation method for finding the
simple ATT as proposed in Borusyak et al. (2021). Standard errors clustered at the state
level are reported in parentheses. * p¡0.10; ** p¡0.05; *** p¡0.01.
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Figure 3: The Effect of TRAP Laws on Birth Rates
Notes: Model 1 controls for state and year fixed effects (FE) as well as state-level reproductive health policies (Kearney and Levine, 2015; Myers and Ladd,
2020) and demographic characteristics; see Table 3 for details. Model 2 adds region by year fixed effects to Model 1. The spikes represent the 95%
confidence interval for the respective model. All regressions weight by the female population of childbearing age and cluster standard errors at the state
level.

women of childbearing age; a 3.2% increase would imply 2 more births per 1,000 women of childbearing age.
Once region by year fixed effects are included, the effect on P ost × T RAP is slightly smaller at 1.9%, or
roughly 1.2 more births per 1,000 women of childbearing age.
As was done in Table 3, Panel C presents the findings from the alternative estimators. The first two
columns imply that adopting a TRAP law is associated with an approximate 2-2.5% increase in the birth
rate, though the effect is not statistically significant at conventional levels. The point estimates are still
quite similar to those presented in the TWFE model. The estimate in Column (3) is larger than any other
estimate and statistically significant, implying that TRAP laws are associated with a 3.5% increase in the
birth rate.
I can estimate what proportion of the observed decline in in-state abortions results in a child being
carried to term using a quick back-of-the-envelope calculation. The coefficient on P ost × T RAP in Panel B
of Column (1) of Table 3 implies that the abortion rate falls roughly 14.7% after the TRAP law is passed,
or approximately 1.9 fewer abortions per 1,000 women. The coefficient on P ost × T RAP from Column (1)
of Table 5 shows that the birth rate increases approximately 3.2%, or 2 more births per 1,000 women.14
14 There is some missing data for the abortion rate since not all states report abortion data to the CDC every year. When
the birth rate analysis is restricted to the observations for which there is a corresponding abortion rate observation, then the
effect on births is slightly smaller, at roughly 2.3%, and the estimated fraction of abortions that result in a birth is roughly
79%.
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Taken together, this would imply that approximately all of the observed decline in abortions results in a
birth. Using the same process, but for the estimates from Column (2), when region by year fixed effects are
included, implies that roughly 80% of the observed decline in the abortion rate results in a birth.

5.3

Threats to validity

One potential concern is that there is a correlation between adopting a TRAP law and some other policy
or state characteristics. To address this concern, I conduct several falsification regressions. First, I use the
following policies as potential outcome variables in the falsification analysis: mandatory waiting period for
abortion (“Waiting Period”), restrictions on Medicaid funding for abortion (“Abortion Restriction”), and
parental notification laws (“Parent Notification”). Next, I use the following state-level demographic and
economic characteristics as potential outcome variables: the average age of the female, childbearing age
population, the percentage that is black and white, and the unemployment rate.15 Table 6 columns (1) -(3)
report the results of the impact of TRAP laws on state policies and columns (4) through (7) report the
results of the effect of TRAP laws on state-level demographic and economic characteristics. There is no
evidence that the pre and post-treatment characteristics differ. Panel B of Table 6 restricts the analysis to
states that always report abortion data to the CDC during the period covered.
Another potential concern is that one state is driving the results. To address this concern, I perform the
difference-in-differences analysis, excluding one treatment state each time. I graph the point estimate from
P ost × T RAP and the 95% confidence interval for each of these 26 regressions in Figure 4. The dashed,
horizontal, gray line represents the estimate from P ost × T RAP in Panel B of Table 3. The gray, capped
lines represent the 95% confidence interval from that estimate. I conduct this exercise for Models 1 and 2,
presented in Column (1) and (2) of Table 3. The point estimates from each of these analyses fall within the
95% confidence interval of the main analysis. These results suggest that one state is not driving the effects
found previously.
A concern with any difference-in-differences analysis is that the previous sections’ results are due to
the study’s design. To address this concern, I conduct a placebo analysis. First, I drop observations for
any treatment state after receiving treatment. Then, I randomly assign 26 states to receive treatment.
Next, I randomly assign a treatment year that falls between 1995 and the last year that the state is in the
dataset. I use this random “treatment” year to conduct a difference-in-differences analysis for each of the
four models presented in Section 5.1. Finally, I iterate over this process 1000 times to collect a distribution
of placebo effects for the two models. The method of randomly generating laws multiple times is similar to
15 See Section 3 for more information about these variables. Also, please refer to Table 2 for summary statistics of these
variables
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(0.128)

-0.005
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Average
Age
(4)
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(0.520)
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(0.542)

Percent
White
(5)

0.064
(0.512)

-0.119
(0.507)

Percent
Black
(6)

0.295
(0.276)

0.286
(0.263)

Unemployment
Rate
(7)

There are 1071 observations in Panel A and 861 observations in Panel B. All regressions control for state and year fixed effects
as well as region by year fixed effects. All regressions are weighted by the female population in each state-year. Standard errors
clustered at the state level are reported in parentheses. * p¡0.10; ** p¡0.05; *** p¡0.01.

Post × TRAP

Panel B: Exclude states with missing abortion data

Post × TRAP

Panel A: All states

Waiting
Period
(1)

Table 6: Effect of TRAP Laws on Policies and Demographic Variables
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Figure 4: Robustness Check: The Effect of TRAP Laws on Abortion Rates using CDC data, Exclude One
State
Notes: Model 1 controls for state and year fixed effects as well as state-level reproductive health policies (Kearney and Levine, 2015; Myers and Ladd, 2020)
and demographic characteristics; see Table 3 for details. Model 2 adds region by year fixed effects to Model 1. All regressions weight by the female
population of childbearing age and cluster standard errors at the state level.

that presented in Bertrand et al. (2004).
Figure 5 presents the results from this process using the CDC data. The vertical line denotes the
P ost × T rap estimate as presented in Panel B of Table 3. The point estimate from the main analysis falls
in the far left tail of the placebo distribution in all specifications, suggesting that the main results do not
simply reflect spurious estimates. In all cases, the main P ost × T rap estimator from Panel B of Table 4,
denoted by the vertical line in each of the figures, is in the far left tail of the placebo distribution.

5.4

Potential channels

Up to this point, the results presented have been reduced form estimates of the effect of the TRAP law
on abortion and birth rates. Overall, the findings imply that TRAP laws are associated with an 11-14%
decline in the abortion rate, and an increase in birth rates that may account for 80-100% of the observed
decline in abortion rates. While these estimates represent the average effect, it may also be of interest to
policymakers and economists to understand the mechanisms through which TRAP laws impact the abortion
rate. For example, TRAP laws may cause some abortion providers to shut down if they cannot comply with
the TRAP laws. Two ways shutdowns could cause a decline in the abortion rate by increasing the distance
to the nearest abortion provider and increased congestion at the clinics that remain open (Lindo et al., 2019;
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Figure 5: Placebo Analysis: The Effect of TRAP Laws on Log of Abortion Rate CDC data
Notes: Model 1 controls for state and year fixed effects as well as state-level reproductive health policies (Kearney and Levine, 2015; Myers and Ladd, 2020)
and demographic characteristics; see Table 3 for details. Model 2 adds region by year fixed effects to Model 1. The spikes represent the 95% confidence
interval for the respective model. All regressions weight by the female population of childbearing age and cluster standard errors at the state level.

Kelly, 2020). Alternatively, clinics may comply with the law and stay open, but the cost of complying with
the law may be passed on to customers, increasing the procedure’s price. Below, I attempt to estimate the
extent to which the distance and congestion mechanisms may explain the observed decline in abortion rates
documented in Section 5.1.2.
The potential mechanisms that I will examine are the median distance to the nearest abortion clinic and
the average service population as a measure of congestion. In particular, I follow Lindo et al. (2019) and
define the average service population as the number of women of childbearing age (in 100,000) divided by
the number of abortion providers. I collected data on the number of abortion providers in a state-year from
the Alan Guttmacher Institute. The limitation of this data is that it is not reported annually, but rather for
select years.16 For the distance to the nearest abortion provider mechanism, the Alan Guttmacher Institute
collected data on the median distance to an abortion provider for each state for the years 2000, 2010, and
2014. It is important to note that due to limited information for either abortion provider distance or average
service population, the results presented here are intended to be exploratory and descriptive; they should be
interpreted with some caution.
Table 7 presents several ways to explore these potential mechanisms. The DiD estimator from Table 4,
16 Those

years are: 1980, 1981, 1982, 1984, 1985, 1987, 1988, 1991, 1992, 1995, 1996, 1999, 2000, 2005, 2008, 2011, and 2014.
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P ost × T RAP , is shown again in Column (1) of Table 7 for easy reference.17 This finding implies that TRAP
laws are associated with an 11.5% reduction in the abortion rate. Column (2) of Table 7 shows the impact
of adopting a TRAP law on the average service population. The point estimate suggests that adopting a
TRAP law is associated with an approximate .306 increase in the average service population (or roughly
30,600 more women of childbearing age per provider). Column (3) shows the result from a simple regression
of the average service population’s impact on the abortion rate before states implement a TRAP law. This
estimate implies that an increase of 100,000 women in the average service population is associated with a
24% reduction in the abortion rate. A back of the envelope calculation reveals that increases in the average
service population could account for up to 63%18 of the observed decline in the abortion rate. Column (4)
presents an alternative way to measure how much of the observed decrease in abortion rates is explained
by changes to the average service population. Column (4) shows the same analysis as Column (1), but now
the average service population is a mediator variable in the regression. This additional variable allows us to
visually inspect how the coefficient on Post × TRAP changes when the average service population is a control
variable. It appears that the coefficient on Post × TRAP falls by approximately 44% between Column (1)
and Column (4). For reference, Lindo et al. (2019) identify that congestion could explain approximately 59%
of their observed decline in abortion rates, an estimate between the two proposed here.
As addressed above, TRAP laws may impact abortion rates by increasing the distance traveled to obtain
an abortion. The results in Column (5) of Table 7 implies that TRAP laws are associated with an approximate
14% increase in the median distance to the nearest abortion clinic. The result presented in Column (6) shows
the correlation between median distance and the abortion rate before the state adopted a TRAP law. The
result suggests that a 1% increase in the median travel distance reduces the abortion rate by 0.172%. A
simple, back of the envelope calculation using the results from Column (5) and (6) imply that increasing
travel distance could account for roughly 21%19 of the observed decline in abortion rate. Alternatively,
Column (7) includes the log of the median distance to an abortion provider as a mediator variable. Here,
we see that that estimated impact on P ost × T RAP falls by roughly 23.4%. This estimate is substantially
smaller than the findings presented by (Lindo et al., 2019), who find 41% of their observed decline is due to
increased driving distance. The estimates presented here are considerably more imprecise and rough than
those presented in either (Lindo et al., 2019; Fischer et al., 2018).
The back of the envelope calculations presented in this analysis implies that the impact of the average
service population and median distance can account for 65%-86% of the observed decline in the abortion
17 Since the distance and provider data is from the AGI, and the abortion provider data goes back to 1980, I use the main
difference-in-differences effect using the AGI dataset.
18 24% × .306 = 7.3%. 7.3% is 63% of the estimated difference-in-differences effect (11.5%)
19 .172% × 14.1% = 2.4; this is approximately 21% of the observed 11.5% decline
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–

0.306**
(0.126)
–
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(2)
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-0.240*
(0.128)
–

–

Log Abortion
Rate
(3)
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(0.027)
-0.182***
(0.020)
–
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(4)
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–

0.141*
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–
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(5)
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-0.172*
(0.094)

–

–

Log Abortion
Rate
(6)

150

-0.220**
(0.087)

-0.088
(0.057)
–

Log Abortion
Rate
(7)

Average service population is the number of women (in 100,000) divided by the number of abortion providers. Abortion providers and median distance to nearest
abortion provider is from the AGI. All regressions control for state and year fixed effects as well as other state policy variables. All regressions are weighted by the
female population in each state-year. Standard errors clustered at the state level are reported in parentheses. * p¡0.10; ** p¡0.05; *** p¡0.01.

1,071

Log of Median Distance

N

–

Avg Service Population

Log Abortion
Rate
(1)

-0.115***
(0.039)
–

Post × TRAP

Dependent
Variable:

Table 7: AGI Data: Effect of TRAP Laws on Log Abortion Rate

rate. The remainder of the observed decrease could be potentially attributable to the increased driving
distance that I cannot precisely measure with this data. However, other potential mechanisms could be at
play here; for example, a portion of the observed effect could be due to an increase in the procedure’s price.

6

Conclusion

The results of this study imply that adopting a TRAP law led to an approximate 11-14% reduction in the
abortion rate or roughly 1.5-1.9 fewer abortions per 1,000 women of childbearing age. Furthermore, I find
that birth rates potentially increased by roughly 1.9-3.2% or around 1.2-2 more births per 1,000 women of
childbearing age. Together, these results imply that roughly 80-100% of the reduction in in-state abortions
resulted in a child being carried to term. Overall, the finding that TRAP laws led to a decrease in abortion
and an increase in births is consistent with the first scenario proposed in Section 2.2.
I use back-of-the-envelope calculations to explore two potential channels through which TRAP laws may
reduce abortion rates. The first channel suggests that increased congestion at clinics may contribute to a
large proportion of the observed decrease in abortion rates. The second mechanism, an increase in driving
distance, appears to make up a smaller proportion of the observed decline in abortion rates.
Overall, the findings imply that TRAP laws decrease abortion rates, increase birth rates, and potentially
increase interstate travel. However, it is important to note that while one benefit to the analysis presented
here is that it explores the impact of TRAP laws across the US, more data with additional information on
abortion providers and their location would be ideal for exploring this topic further.

30

References
Bailey MJ (2006) More power to the pill: The impact of contraceptive freedom on women’s life cycle labor
supply. The quarterly journal of economics 121(1):289–320
Bertrand M, Duflo E, Mullainathan S (2004) How much should we trust differences-in-differences estimates?
The Quarterly journal of economics 119(1):249–275
Borusyak K, Jaravel X (2017) Revisiting event study designs. Available at SSRN 2826228
Borusyak K, Jaravel X, Spiess J (2021) Revisiting event study designs: Robust and efficient estimation.
arXiv preprint arXiv:210812419
Callaway B, Sant’Anna PH (2021) Difference-in-differences with multiple time periods. Journal of Econometrics 225(2):200–230
de Chaisemartin C, D’Haultfoeuille X, Guyonvarch Y (2019) DID MULTIPLEGT: Stata module to estimate
sharp Difference-in-Difference designs with multiple groups and periods. Statistical Software Components,
Boston College Department of Economics, URL https://ideas.repec.org/c/boc/bocode/s458643.
html
Chang A (2018) How a conservative-leaning supreme court could chip away at abortion rights. National Public Radio URL https://www.npr.org/2018/07/12/628546490/
how-a-conservative-leaning-supreme-court-could-chip-away-at-abortion-rights
Colman S, Joyce T (2011) Regulating abortion: impact on patients and providers in texas. Journal of Policy
Analysis and Management 30(4):775–797
Colman S, Dee TS, Joyce T (2013) Do parental involvement laws deter risky teen sex? Journal of health
economics 32(5):873–880
De Chaisemartin C, d’Haultfoeuille X (2020) Two-way fixed effects estimators with heterogeneous treatment
effects. American Economic Review 110(9):2964–96
Elam-Evans LD, Strauss LT, Herndon J, Parker WY, Whitehead S, Berg CJ (2002) Abortion surveillance—
united states, 1999. Morbidity and mortality weekly report CDC surveillance summaries 51(9)
Elam-Evans LD, Strauss LT, Herndon J, Parker WY, Bowens SV, Zane S, Berg CJ (2003) Abortion
surveillance—united states, 2000. Morbidity and Mortality Weekly Report: Surveillance Summaries 52(12)
Fischer S, Royer H, White C (2018) The impacts of reduced access to abortion and family planning services
on abortions, births, and contraceptive purchases. Journal of Public Economics 167:43–68
Flood S, King M, Rodgers R, Ruggles S, Warren JR (2018) Integrated public use microdata series, current population survey: Version 6.0 [dataset]. minneapolis, mn: Ipums, 2018.
https://doi.org/10.18128/d030.v6.0. Tech. rep.
Frost JJ, Zolna MR, Frohwirth L (2013) Contraceptive needs and services, 2010
Gamble SB, Strauss LT, Parker WY, Cook DA, Zane SB, Hamdan S, for Disease Control C, (CDC) P, et al.
(2008) Abortion surveillance—united states, 2005. Morbidity and Mortality Weekly Report: Surveillance
Summaries 57(13):1–32
Gardner J (2021) Two-stage differences in differences. Unpublished working paper
Goldin C, Katz LF (2002) The power of the pill: Oral contraceptives and women’s career and marriage
decisions. Journal of political Economy 110(4):730–770
Goodman-Bacon A (2021) Difference-in-differences with variation in treatment timing. Journal of Econo31

metrics
Grossman D, White K, Hopkins K, Potter JE (2017) Change in distance to nearest facility and abortion in
texas, 2012 to 2014. Jama 317(4):437–439
Gutierrez FH (2022) The inter-generational fertility effect of an abortion ban. Journal of Population Economics 35(1):307–348
Herndon J, Strauss LT, Whitehead S, Parker WY, Bartlett L, Zane S (2002) Abortion surveillance—united
states, 1998. Morbidity and Mortality Weekly Report: Surveillance Summaries 51(3):1–32
Jatlaoui TC, Ewing A, Mandel MG, Simmons KB, Suchdev DB, Jamieson DJ, Pazol K (2016) Abortion surveillance—united states, 2013. Morbidity and Mortality Weekly Report: Surveillance Summaries
65(12):1–44
Jatlaoui TC, Shah J, Mandel MG, Krashin JW, Suchdev DB, Jamieson DJ, Pazol K (2017) Abortion
surveillance—united states, 2014. Morbidity and Mortality Weekly Report: Surveillance Summaries
66(25):1
Jatlaoui TC, Boutot ME, Mandel MG, Whiteman MK, Ti A, Petersen E, Pazol K (2018) Abortion
surveillance—united states, 2015. Morbidity and Mortality Weekly Report: Surveillance Summaries
67(13):1–44
Jones BS, Daniel S, Cloud LK (2018) State law approaches to facility regulation of abortion and other office
interventions. American journal of public health 108(4):486–492
Jones RK, Jerman J (2014) Abortion incidence and service availability in the united states, 2011. Perspectives
on sexual and reproductive health 46(1):3–14
Jones RK, Jerman J (2017) Abortion incidence and service availability in the united states, 2014. Perspectives
on sexual and reproductive health 49(1):17–27
Jones RK, Kooistra K (2011) Abortion incidence and access to services in the united states, 2008. Perspectives
on sexual and reproductive health 43(1):41–50
Joyce T (2011) The supply-side economics of abortion. New England Journal of Medicine 365(16):1466–1469
Kearney MS, Levine PB (2015) Investigating recent trends in the us teen birth rate. Journal of Health
Economics 41:15–29
Kelly AM (2020) When capacity constraints bind: Evidence from reproductive health clinic closures. URL
https://amkelly15.github.io/andiemkelly.com/ReducedCapacity_Kelly_1_19_20.pdf
Koonin LM, Smith JC, Ramick M, Strauss LT (1998) Abortion surveillance—united states, 1995. Morbidity
and Mortality Weekly Report: Surveillance Summaries pp 31–68
Koonin LM, Strauss LT, Chrisman CE, Montalbano MA, Bartlett LA, Smith JC (1999) Abortion
surveillance—united states, 1996. Morbidity and Mortality Weekly Report: Surveillance Summaries pp
1–42
Koonin LM, Strauss LT, Chrisman CE, Parker WY (2000) Abortion surveillance—united states, 1997.
Morbidity and Mortality Weekly Report: Surveillance Summaries pp 1–43
Kost K, Henshaw S (2014) U.S. teenage pregnancies, births and abortions, 2010: National and state trends
by age, race and ethnicity. Tech. rep., Guttmacher Institute
Levine PB (2003) Parental involvement laws and fertility behavior. Journal of health economics 22(5):861–
878

32

Lindo J, Myers C, Schlosser A, Cunningham S (2019) How far is too far?: New evidence on abortion
clinic closures, access, and abortions. Journal of Human Resources DOI 10.3368/jhr.55.4.1217-9254R3,
URL http://jhr.uwpress.org/content/early/2019/05/01/jhr.55.4.1217-9254R3.abstract, http:
//jhr.uwpress.org/content/early/2019/05/01/jhr.55.4.1217-9254R3.full.pdf+html
Lu Y, Slusky DJ (2019) The impact of women’s health clinic closures on fertility. American Journal of Health
Economics 5(3):334–359
Medoff MH (2008) The response of abortion demand to changes in abortion costs. Social Indicators Research
87(2):329–346
Medoff MH (2010) State abortion policies, targeted regulation of abortion provider laws, and abortion
demand. Review of Policy Research 27(5):577–594
Mora R, Reggio I (2019) Alternative diff-in-diffs estimators with several pretreatment periods. Econometric Reviews 38(5):465–486, DOI 10.1080/07474938.2017.1348683, URL https://doi.org/10.1080/
07474938.2017.1348683, https://doi.org/10.1080/07474938.2017.1348683
Myers C, Ladd D (2020) Did parental involvement laws grow teeth? the effects of state restrictions on
minors’ access to abortion. Journal of Health Economics 71:102302
Myers CK (2017) The power of abortion policy: Reexamining the effects of young women’s access to reproductive control. Journal of Political Economy 125(6):2178–2224
Myers CK (2022) Confidential and legal access to abortion and contraception in the united states, 1960-2020.
Journal of Population Economics forthcoming
Pazol K, Gamble SB, Parker WY, Cook DA, Zane SB, Hamdan S, for Disease Control C, (CDC) P, et al.
(2009) Abortion surveillance—united states, 2006. Morbidity and Mortality Weekly Report: Surveillance
Summaries 58(8):1–35
Pazol K, Zane SB, Parker WY, Hall LR, Berg C, Cook DA (2011) Abortion surveillance—united states,
2008. Morbidity and Mortality Weekly Report: Surveillance Summaries 60(15):1–41
Pazol K, Creanga AA, Zane SB, Burley KD, Jamieson DJ (2012) Abortion surveillance—united states, 2009.
Morbidity and Mortality Weekly Report: Surveillance Summaries 61(8):1–44
Pazol K, Creanga AA, Burley KD, Hayes B, Jamieson DJ (2013) Abortion surveillance—united states, 2010.
Morbidity and Mortality Weekly Report: Surveillance Summaries 62(8):1–44
Pazol K, Creanga AA, Burley KD, Jamieson DJ (2014) Abortion surveillance—united states, 2011. Morbidity
and Mortality Weekly Report: Surveillance Summaries 63(11):1–41
Pazol K, Creanga AA, Jamieson DJ (2015) Abortion surveillance—united states, 2012. Morbidity and Mortality Weekly Report: Surveillance Summaries 64(10):1–40
Sant’Anna PH, Zhao J (2020) Doubly robust difference-in-differences estimators. Journal of Econometrics
219(1):101–122
Sonfield A, Gold RB (2012) Public funding for family planning, sterilization and abortion services, fy 1980–
2010
Stephens-Davidowtiz S (2016) Return of the d.i.y abortion. New York Times URL https://www.nytimes.
com/2016/03/06/opinion/sunday/the-return-of-the-diy-abortion.html
Strauss LT, Herndon J, Chang J, Parker WY, Levy DA, Bowens SB, et al. (2004) Abortion surveillance—
united states, 2001. Morbidity and Mortality Weekly Report: Surveillance Summaries 53(9):1–32

33

Strauss LT, Herndon J, Chang J, Parker WY, Bowens SV, Berg CJ (2005) Abortion surveillance—united
states, 2002. Morbidity and Mortality Weekly Report 54(7):1–31
Strauss LT, Gamble SB, Parker WY, Cook DA, Zane SB, Hamdan S (2006) Abortion surveillance—united
states, 2003. Morbidity and Mortality Weekly Report: Surveillance Summaries 55(11):1–33
Strauss LT, Gamble SB, Parker WY, Cook DA, Zane SB, Hamdan S (2007) Abortion surveillance—united
states, 2004. Morbidity and Mortality Weekly Report: Surveillance Summaries 56(9):1–33
Surveillance, Epidemiology, and End Results (SEER) Program Populations 1990-2010 (2016) National Cancer Institute, DCCPS, Surveillance Research Program, released December 2016. Tech. rep.
United States Department of Health and Human Services (US DHHS), Centers for Disease Control and
Prevention (2019) National Center for Health Statistics (NCHS), Division of Vital Statistics, Natality
public-use data 1995-2017, on CDC WONDER Online Database
Venator J, Fletcher J (2020) Undue burden beyond texas: An analysis of abortion clinic closures, births,
and abortions in wisconsin. Journal of Policy Analysis and Management

Acknowledgements
I would like to thank editor Terra McKinnish and two anonymous referees for their helpful feedback and
suggestions. An earlier draft of this paper was presented at the 8th annual ASHEcon Conference in Washington D.C. and a department Seminar at Portland State University. I want to thank the participants for
their helpful comments in both cases. In addition, I’d like to thank Briggs Depew, Naci Mocan, W. Douglas
McMillan, and Jhacova Williams for their valuable feedback on an early draft of the manuscript.

34

Ethics Declaration
The author declares that she has no conflicts of interest.

35

